Abstract-The advent of high-resolution (HR) electrical mapping of slow wave activity has significantly improved the understanding of gastric slow wave activity in normal and dysrhythmic states. One of the current limitations of this technique is it generates a vast amount of data, making manual analysis a tedious task for research and clinical development. In this study we present new automated methods to classify, identify, and locate patterns of interest in gastric slow wave propagation. The classification method uses a similarity metric to classify slow wave propagations, while the identification algorithm uses the divergence and mean curvature of the slow wave propagation to identify and regionalize patterns of interest. The methods were applied to synthetic and experimental datasets and were also compared to manual analysis. The methods classified and identified patterns of slow wave propagation in less than 1 s, compared to manual analysis which took up to 40 min. The automated methods achieved 96% accuracy in classifying AT maps, and 95% accuracy in identifying the propagation pattern with a mean spatial error of 1.5 mm in comparison to manual methods. These new methods will facilitate the efficient translation of gastrointestinal HR mapping techniques to clinical practice.
INTRODUCTION
The motility of the stomach and intestine is coordinated by bio-electrical events know as slow waves. Slow waves are generated and propagated through a specialized network of cells known as the interstitial cells of Cajal (ICC), which are interlaced throughout the gastrointestinal (GI) musculature. 13 In humans, normal gastric slow wave activity occurs at around 3 cycles per minute (cpm), and originates from the greater curvature of the stomach in the mid-to uppercorpus region, and propagates distally towards the antrum. 25 Abnormalities in slow wave activity (''gastric dysrhythmias'') have been related to major gastric motility disorders such as functional dyspepsia and gastroparesis. 21, 24 In recent years, high-resolution (HR) extracellular mapping techniques have provided vital insights to the spatiotemporal profile of gastric slow wave propagations. The major advantage that HR mapping provides, in comparison to sparse extracellular mapping techniques or cutaneous electrogastrography (EGG), is that it enables accurate tracking and quantification of slow wave activation patterns. The spatiotemporal profiles of normal gastric slow wave propagation have now been recorded in detail in animal and human subjects, 18, 25 and gastric HR mapping in animal subjects have also identified key classes of abnormal propagation patterns. 17, 28 Furthermore, a recent study has experimentally shown that in patients suffering from gastroparesis, a disease where the stomach fails to empty normally in the absence of a mechanical obstruction, there are abnormal patterns of slow wave initiation and conduction that can only be reliably detected and quantified using HR mapping. 24 Detecting and understanding these mechanisms has thus become a major translational research goal across multiple biological and biophysical scales, with significant potential to improve clinical accuracy and efficiency in the diagnosis of gastric disorders. 5, 19 To date, all HR mapping studies of gastric dysrhythmia have used manual classification and visual analyses of spatial slow wave propagation patterns. 16, 24 Manual approaches can miss certain critical features that are pertinent to gastric slow wave dysrhythmia, prone to observer bias, and inefficient. The introduction of guided tools and real time analysis 3 would be a major step toward the successful clinical translation of GI HR mapping, by enabling its routine use by clinicians untrained in signal and image processing, as has occurred in cardiac HR mapping. 37 Our group has presented a semi-automated method for identifying characteristics of slow wave dysrhythmias, 6 but requires a priori knowledge about normal propagation patterns, which reduces efficiency and introduces observer bias.
Here, we present novel automated methods to classify slow wave propagations in an intuitive manner using a similarity metric, and to detect patterns of interest in slow wave propagation using divergence, mean curvature, and image processing techniques. These tools will allow for normal and abnormal slow wave propagations to be classified in a consistent manner, and will enable the automated detection and visualization of key regions of normal and dysrhythmic slow wave propagation.
MATERIALS AND METHODS

Recording and Signal Processing Methods
Gastric serosal HR extracellular in vivo mapping was performed on cross-breed weaner pigs (n = 6, 32 ± 1 kg) following approval from the University of Auckland Ethics Committee. Weaner pigs are a useful model for gastric dysrhythmia studies because spontaneous episodes of dysrhythmias occur in approximately 50% of these animals during routine intra-operative mapping, 28 unlike in normal humans. The gastric serosal surface was exposed by a mid-line laparotomy and the method of anaesthesia and physiological monitoring was performed as described by Egbuji et al.
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All HR recordings were performed using flexible printed circuit board (PCB) arrays (192-256 electrodes; 0.3 mm diameter gold contacts, 7.62 or 4 mm inter-electrode spacing) which were tessellated and held in place with Tegaderm (3M, Minneapolis, MN) 4 (Fig. 1b) . The PCB arrays were gently placed on the serosal surface of the stomach with minimal gastric handling and were held in contact using warmed saline-soaked gauze. Typically, the PCB arrays were placed on the anterior region of the stomach and covered 30-60% of the anterior surface. A 5 min period of stabilization was allowed prior to a recording period (9.1 ± 4.7 min). Ten datasets were acquired for this study. The data was recorded using the ActiveTwo System (Biosemi, Amsterdam) with a sampling frequency of 512 Hz. The common mode sense (reference) electrode was placed on the body surface of the lower abdomen. The right-leg drive electrode (ground) was placed on the right hind leg.
The raw data was processed and analyzed in Matlab R2011b (Natick, MA). The raw signals were first downsampled to 30 Hz and filtered using a moving median filter to eliminate baseline wander and a Savitzky-Golay filter to remove high-frequency noise.
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The slow wave events were identified using a validated automated variable threshold method (Fig. 1a) , and then clustered into their propagating wavefronts using a validated polynomial-based-surface estimate algorithm. 8, 9 The clustered wavefront was visualized as an activation time (AT) map, which represents the spatiotemporal pattern of slow wave propagation as recorded from the surface of the stomach 4, 8 (Fig. 1c) . The velocity and amplitude of the slow wave propagation as depicted in the AT map was calculated according to recently validated automated methods.
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Automated Classification of Slow Wave Propagations
The goal of the automated classification algorithm was to efficiently quantify the degree of similarity between heterogeneous AT maps. Similar slow wave propagation patterns were categorized into a single class. The representative propagation pattern for each class were computed as an average of the individual AT maps within the class, and these representative propagation patterns were denoted as ''templates.'' A schematic of the automated classification algorithm is shown in Fig. 2 . The algorithm assigned the first candidate AT map from the HR recording sequence as a template, and subsequent candidate AT map were compared to all existing templates using a Pearson correlation coefficient (PCC) similarity metric:
where X is a two-dimensional matrix of times in the candidate AT map, Y i is a two-dimensional matrix of times in the i th AT template, l X and r Y i are the associated means, and r X and l Y i are the associated standard deviations of X and Y i respectively. If there was no corresponding time value for either the candidate AT map or AT templates, those time values were discarded prior to estimation of the PCC. If the candidate AT map did not cover at least 20% of the electrode array, it was discarded from the classification algorithm.
A PCC threshold (PCC th ) of 0.9 was selected by systematically varying this parameter when applied to synthetic data and experimental recordings (see ''Synthetic Data'' section) to group similar wave events. That is, if a candidate AT map had PCC greater than 0.9, it was considered to be similar to an existing template. If the candidate AT map had PCC greater than 0.9 for multiple templates, the template with the highest PCC was selected. The candidate AT map was then assigned to the matching template, and the template was updated by averaging the candidate AT map with the template itself at each electrode position. If a candidate AT map had PCC below the threshold of 0.9 across all existing templates, it was considered dissimilar to any existing templates, and it was assigned as a new AT template.
After all the AT maps were assessed by the above classification algorithm, the total number of resultant templates represented the number of propagation pattern modes present in a particular experimental recording. If the recorded data had consistently stable propagation patterns then the result would only be a single AT template. On the other hand, if the recorded data had unstable propagation patterns, then a larger number of AT templates would result. To assess the stability of the slow wave propagation in an experimental recording, the occurrence (Occ) of each AT template was calculated as a percentage:
where I is the number of AT maps that were used to construct the template, and N is the total number of AT maps in the experimental recording.
Identification of Slow Wave Propagation Patterns
Once the gastric slow wave propagation pattern modes were acquired as AT templates, a 2D Gaussian low pass filter (size 2 9 2 and r as 0.25) was applied to the AT templates to filter any noise accumulated as part of the averaging process from the automated classification method (Matlab functions: fspecial, imfilter). Regions of interest with key slow wave propagation features were then identified in the AT templates. Three spatial propagation patterns of central interest were: (i) pacemaker (normal or ectopic) activity, (ii) colliding wavefronts, and (iii) conduction block. An explanation of these patterns and justification for their selection as priority patterns is provided in the following sections. Mathematical operations on the velocity vector of the slow wave propagation were used along with image processing techniques to detect regions of interest, as illustrated in the flowchart in Fig. 3 .
Pacemaker Region (Normal and Ectopic)
The pacemaker region is a site where slow wave activity originates. Normally, the pacemaker originates from the greater curvature of the mid-to upper-corpus region of the stomach, 18, 25 but ectopic initiations also occur, causing abnormal slow wave activation patterns. 7 Ectopic pacemakers have been found to underlie dysrhythmic propagation at bradygastric, normal, and tachygastric frequencies in animal and human models, causing ''retrograde'' or aboral propagations. 17, 24, 27, 28 To detect pacemaker regions from the AT template map, the divergence of the velocity field of the AT templates was computed. The divergence denotes whether the velocity vectors are diverging from a point, or are converging from all directions to a point, as shown in Figs. 4a and 4b. A threshold of greater than 1 (based on synthetic and experimental data) was used to mark regions that denote the site of diverging velocity vectors from a point, and hence a pacemaker region in the AT template. If there was more than one separate region identified, it indicates the presence of multiple pacemakers. The largest divergence value in each of the separate thresholded regions were chosen as the pacemaker locations. For ease of visualization and localization, the pacemaker origin was dilated using a radius of 10 pixels (4 mm) in a separate field map, as shown in Fig. 4c .
Colliding Wavefronts
A colliding wavefront occurs when two or more slow wave propagation wavefronts propagate into one another. The presence of colliding wavefronts is a key indicator of disorganized conduction sequences, 17, 24, 27, 28 and can be attributed to one of two scenarios. In the first scenario, there is more than one slow wave pacemaker active, and these sources may ''compete'' for entrainment of the surrounding tissue, leading to wavefront collisions in a stable or unstable manner. In the second scenario, a slow wave wavefront encounters a region of incomplete conduction block, causing a wavelet to arise, that travels around the block that subsequently collides with the same wavefront.
At a region of a colliding wavefront, velocity vectors of different directions would converge onto a point, and hence would be reflected as a ''sink'' in the divergence map. A threshold of 20.4 for the divergence map was determined by systematically varying this parameter when applied to synthetic and experimental FIGURE 2. Flowchart of automated classification algorithm. A PCC was used as a similarity metric to categorize AT maps into the matching AT templates depending on a threshold (PCC th ).
data, and was found satisfactory for identifying colliding wavefront regions in most cases (see Fig. 5 ), but with false positives being detected in some cases. Therefore, to further increase the specificity of identification, an inter-pixel watershed algorithm was applied to the AT template (Matlab function: watershed). 23 Here the watershed algorithm finds the ridges on the AT map (synonymous to a hilltop of a mountain range), which represent two or more wavefronts intersecting at a point or a plane from opposing directions, denoting a colliding wavefront (see Fig. 5c ). To avoid detecting false positives, only ridges with a height (time difference) of greater than 0.15 were retained with certainty. The intersection of areas between the watershed and the thresholded divergence map (Fig. 5e ) was identified as the region where two or more wavefronts collided (Fig. 5f ). Both the divergence and the inter-pixel watershed algorithm were used, as this combination provided corroborative detection of a colliding wavefront (Figs. 5e and 5f). Finally, for ease of visualizing the colliding wavefront, the colliding wavefront region was dilated and morphologically closed (see Fig. 5g ). If the resultant detected colliding site was less than 200 pixels (corresponding to FIGURE 3. Flowchart illustrating the steps taken to identify key regions of interest in the slow wave propagation. Three patterns of interest were: (i) pacemaker (in green boxes), (ii) colliding wavefront (in blue boxes) and (iii) conduction block (in orange boxes). Note that a single AT map (AT map ) may possess more than one key propagation pattern, and the propagation pattern identification algorithm flowchart illustrates this using dotted arrows. The divergence of the AT map (Div ATmap ) was used to identify the pacemaker and colliding wavefront, while the mean curvature of the AT map (MeanCurv ATmap ) was used to identify the conduction block.
roughly 30 mm 2 ), it was considered as a false positive and discarded.
Conduction Block
A conduction block is a premature termination of the propagating wavefront, which can arise due to either a functional or anatomical consequence. One of the key characteristics of a re-entrant propagation sequence is a conduction block. It has been well established in cardiac electrophysiology that re-entry and functional and anatomical blocks are the basis for many cardiac arrhythmias, some of which may lead to fatal disorganization of cardiac contractions.
1, 34 Kay et al. have used the curvature of the wavefront to understand the drivers and perpetuators of disorganized cardiac arrhythmia patterns, such as spiral activity, wave breakup and colliding activity, in a modeling scenario to be extended for use in optical mapping experiments. 14 In the GI field, re-entrant and conduction block patterns of slow wave activity has recently been discovered, 2, 17, 28 but its clinical significance is yet to be studied in detail. 16 For detection of a conduction block in the gastric AT template, the mean curvature (C m ) of the AT template was used:
where E, F, G are the coefficients of the first fundamental form of the AT map, while e, f, g are the coefficients of the second fundamental form of the AT map. 11 During the conduction block, the slow wave does not spread homogeneously due to the tissue being in a refractory state, tissue damage, or loss of ICC.
Thus, the slow wave revolves around a functional or anatomical obstacle. In the case of re-entry, it would revolve around the functional obstacle, as well as re-exciting the same circuit of tissue, to initiate continuous slow wave propagation. The pathway around a conduction block can be seen as a large change in curvature at the sites of the AT template (Fig. 6b) .
In the mean curvature map, the area of conduction on either side of a block can be identified, but the region of interest is actually the region located between the large curvature values, denoting the block. To identify the site of the conduction block, first, areas were identified in the mean curvature map that had values greater than a specified threshold (chosen as 0.015 based on synthetic and experimental data). If there was a conduction block present in the AT map, the identified areas would be on either side of the conduction block (see Figs. 6b and 6c ).
Two separate operations were then performed on the remaining areas. First, a topological skeleton was identified outside of the detected area via the mean curvature threshold (Fig. 6e ) (Matlab function: bwmorph). The topological skeleton is a line that is equidistant to its boundaries and identifies the shape outside of the detected areas. Second, a morphological dilation was performed so that the boundaries of the areas merged (see Fig. 6d ). The intersection between the merged area and the skeleton formed the site for the conduction block (Figs. 6f and 6g) . Again for ease of visualization, the identified site was dilated and morphologically closed (see Fig. 6h ). As the conduction block sites routinely span several millimetres, 17, 28 areas of identified potential conduction block with less than 100 pixels (corresponding to an area of 16 mm 2 ) were considered false-positives, and were discarded (see Fig. 6i ). ; where a=0.25, X 0 and Y 0 = 2. In the divergence map, a positive value (red) indicates a source and a negative value (blue) indicates a sink. In (c) the large divergence value is used to detect a pacemaker site, and for visualization it has been dilated by 10 pixels (4 mm).
Validation of Automated Classification and Identification Algorithm Synthetic Data
Synthetic AT maps were developed to test the effectiveness of the classification and identification algorithm. Four scenarios of propagations were created: (i) normal propagation, (ii) pacemaker, (iii) colliding wavefronts, and (iv) a linear conduction block. Normal propagation was created using a linear planar function, while the pacemaker was created using an elliptical function (reflecting the anisotropic nature of gastric conduction, being more rapid circumferentially than longitudinally 27 ). Parameters for the function were chosen to represent gastric slow wave propagation. 25, 28, 32 Colliding wavefronts were created using two elliptical functions with the source of propagation of two opposing corners of the electrode array with the collision path placed diagonally in the electrode array. To represent a conduction block, a linear forward propagating sequence was created for one half of the array, while the other half of the array was constructed using a linear backward propagating sequence. To simulate realistic AT maps, normally distributed random perturbations of 0.5 s were added to each electrode position of the AT map during the creation of synthetic of slow wave propagation. These four synthetic scenarios were applied to generate five synthetic sequences of AT maps (10 min long, i.e., the approximate duration of the experimental recordings). Two of the five sequences of synthetic slow wave propagation had one sequence of propagation representing normal slow wave propagation, while the rest of the 3 test sequences had 2-4 different scenarios placed in systematically determined locations to depict dysrhythmic slow wave activity.
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Experimental Data
Experimental HR gastric slow wave recordings comprised 10 data as stated in ''Recording and Signal Processing Methods'' section. Five of the datasets exhibited exclusively normal propagation, while the other five datasets included dysrhythmic events encompassing the typical range of dysrhythmic propagation patterns. 17, 24, 28 To further define important spatial characteristics of the d) is the where the objects in (c) have been dilated so that the objects merge together, while (e) is the results of the skeleton algorithm of (c). (f) The intersection of the of the two images (d) and (e) overlaid, and (g) the intersection. In (h) the objects are dilated for clarity. To eliminate erroneous detection and to place physiological limits on the area of the conduction block, any identified objects less than 16 mm 2 or 100 pixels was eliminated as shown in (i).
slow wave propagation patterns in each data set, the velocity and amplitude distributions were defined for each class of propagation, as identified by the templating system, and these were tested by ANOVA for statistical difference in patterns (threshold p<0.05).
Two expert investigators worked independently to manually classify the datasets (314 AT maps in total) as a benchmark for validation. After the application of the classification algorithm to experimental datasets, the output templates (23 in total) were visually assessed by two expert investigators independently to identify the type of propagation pattern as, either (i) pacemaker, (iii) colliding wavefronts and (ii) conduction block, and to localize the dysrhythmic features regionally.
To assess the accuracy of the automated classification methods, the results were compared against manual assessment of the maps. The same approach was performed to compute the accuracy of the localization algorithm to define the pattern present. To define the error in localizing the pattern of interest in the AT template, the root mean squared distance between the manually marked region and the automatically marked region was calculated.
RESULTS
Synthetic Cases
The automated classification algorithm was applied to synthetic gastric slow wave propagation and the algorithm classified all synthetic sequences correctly into their according classes. The automated identification was applied to the four scenarios of synthetic slow wave propagation and were able to identify the type of propagation and localize it regionally in the AT map as shown in Fig. 7 .
Experimental Recordings
Automated Classification Algorithm Table 1 presents the results of applying the automated classification algorithm across all experimental slow wave HR recording datasets, including the number of waves analyzed, number of template classes identified in each experiment, and the statistical outcomes of comparing amplitude and velocity profiles between templates. Compared to manual analysis the automated methods classified the AT maps with 96% accuracy. It took between 20 and 40 min to manually review, compare and classify AT maps, whereas the automated algorithm was almost instantaneous, takings less than 1 s.
Application of the algorithm applied to an example dysrhythmic slow wave sequence (Experiment No. 10 in Table 1 ) is presented in Fig. 8 . Figure 8 shows a ''mode graph,'' which demonstrates the stability of slow wave propagation through time, and indicates AT templates identified throughout the sequence. The example also shows how the frequency of the slow wave propagation can be interpreted from the mode graph. For approximately the first 250 s of this recording, the slow wave propagation was 3.8 cpm and then for the remainder of the recording, the frequency dropped to an average of 1.6 cpm. When the frequency was at 3.8 cpm the AT maps switched classes twice. The switch was from an ectopic pacemaker propagation to a similar pacemaker pattern, but with no conduction to half the field, for one wave, which then reverted back to the ectopic pacemaker propagation. With the drop in frequency, the AT maps switched classes seven times and the patterns of propagation were varied, indicating highly unstable activation.
A further sequence of typical porcine gastric dysrhythmia is demonstrated in Fig. 9a . In this example, the slow wave propagation reversed its direction from normal antegrade propagation to retrograde propagation, due to the occurrence of an ectopic pacemaker (Fig. 9b) . The mode graphs shows that these two distinct propagation patterns have the same frequency of 3.3 cpm; this dysrhythmia would therefore have gone undetected by frequency-domain analysis alone (e.g., performed by standard EGG). To further characterise the spatial properties of the sequence, the velocity and amplitude distribution of each of the AT maps belonging to each of the template propagation pattern were plotted as a histogram (Fig. 9c) . A clear separation in the distributions of the velocity and amplitude characteristics can be seen across the two patterns of slow wave propagation (refer to Table 1 for further data and statistical comparisons-Experiment No. 2).
Automated Identification Algorithm
The automated identification algorithm identified the patterns of interest in the AT maps with an average accuracy of 95% with a mean localizing error of 3 pixels (~1.5 mm) in comparison to manual identification. The identification algorithm marked all of the pacemaker sites (5/5) and colliding wavefronts (9/9) and all but one conduction block site (6/7). The mean error in localizing the pacemaker site was 3 pixels (~1.5 mm), colliding wavefront site was 2 pixels (~1 mm) and conduction block site was 4 pixels (~2 mm). Figure 8 shows an example identification of the pacemaker activity and a conduction block. Figure 10 shows an example identification of colliding wavefronts. The automated pattern identification algorithm was also applied on individual AT maps in an experimental recording to track the pacemaker site (see Supplementary material 1).
LIMITATIONS, DISCUSSION AND CONCLUSIONS
Limitations
One of the major limitations of the classification method is that it requires the slow wave event to be If there was more than one AT template class, an ANOVA was performed between the calculated velocity and amplitude of the different classes identified to detect statistical differences between patterns. There was a difference in amplitude and velocity across patterns in all dysrhythmic datasets (*p < 0.05).
identified accurately and the AT map to be correctly clustered into propagating wavefronts. Lowering the PCC threshold for the classification algorithm will allow the method to work for imprecisely detected ATs (due to experimental noise). The downside to lowering the PCC threshold is that the method becomes less sensitive at differentiating propagation patterns. An imposed limitation of the classification algorithm was that if less than 20% of the electrode array was mapped, the method was instructed to ignore that map. Thus, it is imperative to have a priori knowledge about the existence of the area mapped before utilization of this algorithm (e.g., fundus is known to be electrically silent). Like the classification algorithm, the identification algorithm has parameters that can potentially be calibrated based on the level of experimental noise present in the AT map. The parameters that can be adjusted for pacemaker detection is the divergence threshold; for colliding wavefront are the divergence threshold and time difference of the watershed algorithm for detection; and for the conduction block site it is the mean curvature threshold. One of the limitations of the automated identification method is that the accuracy of the localization is based on the inter-electrode distance spacing used in the experimental setup. Also, the identification algorithm is unable to differentiate between a functional or anatomical block, or re-entry; and for colliding wavefronts, the potential resultant of merging wavefronts were not identified. Nonetheless, these specific patterns of propagation can be readily interpreted by the end user when presented with the summary of the recording via a mode graph and identified patterns
Discussion and Conclusions
In this study we have presented two novel automated methods to analyze and characterize spatiotemporal patterns of normal and dysrhythmic gastric slow wave propagation. The first method was an automated classification algorithm to group slow wave AT maps into classes of similar propagation patterns. The second automated method identified specific slow wave propagation patterns and located their key features within the mapped fields. Utilization of these two methods in tandem allows for an accurate quantitative analysis of gastric slow wave activation patterns in an efficient, specific, intuitive and unbiased manner.
Other techniques have been used to analyze HR cardiac mapping studies. 10, 14, 35, 36 However these methods could not be directly translated to the GI field due to the significantly different characteristics in the spatio-temporal patterns, time course and signals between cardiac and GI electrophysiology. 8, 9 The automated classification techniques applied here were The AT templates as an isochronal AT map (1 s interval) and the corresponding key features identified. The slow wave activity within the mapped field changed from an antegrade activity to an ectopic pacemaker (with the characteristics of a pacemaker and a colliding wavefront), then to a colliding wavefront pattern alone, before retrograde activity entrained the whole mapped field. motivated in part, by the work of Rogers et al., 35 where correlation was used to cluster cardiac wavefronts, and the multiplicity index used to account for the fraction of activation patterns in the cluster. Identification of the slow wave propagation patterns and regionally localizing it in the AT map was partly inspired by the work performed by Fitzgerald et al., 10 , where curl and divergence operators were used on spatiotemporal cardiac mapping data to identify cardiac rhythm. In the GI field, a method has been proposed to study slow wave dysrhythmias via the use of velocity vectors of the slow wave propagation. 6 Although this method is semi-automated, it still heavily relies on the clinician or researcher to manually define the normal slow wave propagation patterns, and can only ascertain if the AT map is normal or abnormal.
The discovery that ICC generate and propagate gastric slow waves, and that ICC are depleted in major gastric motility disorders such as gastroparesis, 12 has reinvigorated clinical GI interest in investigating gastric dysrhythmia. Traditional methods of cutaneous EGG have not been widely adopted, partly due to their incomplete specificity and susceptibility to noise. 30 However, the application of HR mapping is providing a vital advance, and may now be establishing a new era in which gastric electrical diagnostics can meaningfully inform clinical practice. 15, 16 In particular, the successful recent translation of HR mapping to gastroparesis has proved that, unlike EGG, HR methods generate data that clearly discriminates abnormal patterns of slow wave initiation and conduction in disease states, including when frequency is normal 24 (e.g., Fig. 9 ). We anticipate that the methods developed here will be a further critical step in the clinical translation of HR mapping. Together with a recently developed automated pipeline of filtering, event detection, and spatial mapping, 38 this current work will now enable clinicians who are unskilled in signal or image processing to apply HR mapping techniques to classify and interpret abnormal initiation and conduction patterns in GI motility patients. This translation will be further facilitated by the anticipated development of endoscopic HR mapping devices.
The automated analysis methods developed here can be used to assess the efficacy of proposed drug therapies for GI dysrhythmias, such as prostaglandin synthesis inhibitors and natural remedies on slow wave activity. 20, 29 With the emergence of gastric stimulation as a potential treatment option, 22 these automated methods will allow for immediate assessment of the gastric slow wave activity and can help guide the stimulation protocols. As occurs in clinical cardiology, 37 the new methods described here could be applied in an online setting to allow clinicians to make an immediate assessment on the efficacy of the treatments such as pacing, and make alterations to the treatment as necessary. This is feasible because the methods were computationally efficient. The rapid processing time is advantageous because the computational overhead is a significant factor for implementation and visualization of online HR data. 3 In human gastric HR mapping studies, it has been revealed that during the circumferential propagation that arises in dysrhythmia, local slow wave velocity increases by more than two-fold due to the inherent anisotropy in the stomach. 24 A concurrent increase in extracellular amplitude also occurs due to increased transmembrane current entering the extracellular space. 27 Although the effect is less in pigs, 27 these properties may still be appreciated in Fig. 9 of the current study, where circumferential propagation arises during ectopic initiation. The higher velocity is indicated by the larger spacing of isochrones, and the zone of high velocity corresponded with the zone of higher amplitudes. The ability to accurately detect and identify these important spatial characteristics provides an essential additional level of clinical reliability for the correct detection and interpretation of dysrhythmic activation. For example, the classification method presented here could potentially become oversensitive in the presence of excessive noise, which may distort the AT maps, 8, 9 resulting in a spuriously large number of classes. But if templates of the pacemaker, colliding wavefront and conduction block were not accompanied by these anticipated (and statistically verifiable) physiological velocity and amplitude changes, then such templates can be safely identified as false positive patterns. In future human trials, a library of normal and abnormal slow wave propagation templates could also be developed for the various regions of the stomach, enabling automatic correct discrimination of key dysrhythmic patterns and their sources for clinicians. This step could also stimulate the development of more advanced algorithms for pattern analysis and identification via the use of neural networks or support vector machines.
In conclusion, the new automated classification and identification methods are anticipated to provide valuable insights into the nature of normal and dysrhythmic slow wave propagation during experimental and clinical recordings. With the ability to map GI HR slow wave activity using laparoscopic techniques intraoperatively, 26 and potentially endoscopically in the future, the application of these methods will allow analysis in real-time and can facilitate immediate treatment for GI disorders, similar to what routinely occurs in cardiac electrophysiology. 37 These methods are efficient, accurate, unbiased and intuitive, and their development will facilitate the clinical translation of HR mapping for patients with gastric motility disorders.
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